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RELATIONSHIPS BETWEEN TREE RINGS AND LANDSAT EVI IN THE 
NORTHEAST UNITED STATES  




Changes in the productivity of temperate forests have important implications for 
atmospheric carbon dioxide (CO2) concentrations, and many efforts have focused on 
methods to monitor both gross and net primary productivity in temperate forests.  
Remotely sensed vegetation indices provide spatially extensive measures of vegetation 
activity, and the Enhanced Vegetation Index (EVI) has been widely linked to 
photosynthetic activity of vegetation.  Networks of tree ring width (TRW) chronologies 
provide ground-based estimates of annual net carbon (C) uptake in forests, and time 
series of EVI and TRW may capture common productivity signals.  Robust correlations 
between mean TRW and EVI may enhance spatial extrapolations of TRW-based 
productivity estimates, ultimately improving understanding of spatio-temporal variability 
in forest productivity.  The research presented in this thesis investigates potential 
empirical relationships between networks of TRW chronologies and time series of 
Landsat EVI and Landsat-based phenological metrics in the Northeast United States.  We 
hypothesized that mean TRW is positively correlated with mean monthly EVI during the 
growing season, EVI integrated over the growing season, and growing season length.  
Results indicate that correlations between TRW and EVI are largely not significant in this 
region.  The complex response of tree growth to a variety of limiting climatic factors in 
temperate forests may decouple measures of TRW growth and canopy reflectance.  
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However, results also indicate that there may be important lag effects in which EVI 
affects mean TRW during the following year.  These findings may improve 
understanding of links between C uptake and growth of tree stems over large spatial 
scales. 
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Terrestrial primary production is a major process controlling the balance of 
carbon dioxide (CO2) between terrestrial ecosystems and the atmosphere.  Through 
photosynthesis, primary producers sequester carbon (C) from the atmosphere and store 
chemical energy in the form of biomass.  Gross primary production (GPP) is the amount 
of C taken up over a given length of time, and net primary production (NPP) is GPP 
minus the energy needed for plant respiration.  GPP and NPP, which are major fluxes in 
the global C cycle, constitute the processes through which terrestrial ecosystems partly 
offset anthropogenic CO2 emissions (Beer et al. 2010).   
Temperate forests make important contributions to global GPP and NPP and thus 
play a key role in mitigating climate change by removing CO2 from the atmosphere.  
Beer et al. (2010) used observation-based diagnostic modeling to estimate that temperate 
forests assimilate 9.9 Pg C year-1, or 8% of global terrestrial GPP.  Furthermore, Pan et 
al. (2011) estimated that temperate forests contributed 34% (0.78 ± 0.09 Pg C year-1) of 
the global C sink in established forests over the years 2000 to 2007.  Therefore, changes 
in productivity of temperate forests could have consequences for atmospheric CO2 
concentrations, and it is important to accurately monitor how productivity varies spatially 
and temporally in temperate forests. 
Ecologists utilize both satellite- and ground-based measurements of terrestrial 
vegetation to estimate GPP and NPP.  Satellite observations are used to map biophysical 
state variables such as leaf area index (LAI) at multiple spatial and temporal scales.  
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Remote sensing of C cycle rates, such as GPP and NPP, is often more challenging 
(Turner et al. 2004).  However, satellite-based vegetation indices, such as the Enhanced 
Vegetation Index (EVI), have been shown to be highly correlated with GPP during the 
period of active photosynthesis (Sims et al. 2006).  Furthermore, annual production and 
net C uptake are generally assumed to be related to the Normalized Difference 
Vegetation Index (NDVI) integrated over the growing season (Wang et al. 2004).  More 
generally, vegetation indices estimate the abundance and activity of green vegetation, 
revealing spatio-temporal patterns in vegetation distribution.   
In trees that have a distinct growing season and have varying sizes of tree cells 
throughout the year, measurements of ring widths often relate to climatic factors.  
Numerous studies in dendroclimatology show that ring width chronologies have strong, 
linear correlations with climate variables such as mean temperature or total precipitation 
during a given season (Hughes 2002).  For example, Gebrekirstos et al. (2008) showed 
that ring width chronologies of both evergreen and drought-deciduous trees in a semi-arid 
region of Ethiopia had strong, positive correlations with major rain fall season (June to 
September) precipitation.  In trees near the limits of their ecological ranges, ring width 
chronologies commonly respond to a single seasonal climate variable (Hughes 2002).  
For example, Pederson et al. (2004) showed that winter temperatures had strong and 
consistent effects on the radial growth of trees growing at their northern range margin in 
the Hudson River Valley.  Additional studies have found ring width chronologies to be 
related to multiple climate factors.  For example, Berner et al. (2013) showed that ring 
widths of Cajander larch (Larix cajanderi Mayr.) in northeastern Siberia were positively 
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correlated with June temperature and the climate moisture index (CMI) from the previous 
summer.   
Common interannual variability in tree ring data among trees can extend over 
large geographic areas, suggesting that climate influences tree ring growth at broad 
spatial scales (Hughes 2002).  For example, Briffa et al. (2004) demonstrated how an 
extensive network of almost 400 tree ring chronologies reflected regional and 
hemispheric-scale temperature variability.  The network included maximum latewood 
density (MXD) chronologies of coniferous trees located throughout Eurasia and North 
America.  Briffa et al. (2004) showed that there was a ubiquitous significant positive 
relationship between MXD and spring and summer temperatures throughout the whole 
network.  This finding suggested that MXD had a common response to spring and 
summer temperature over a broad geographic area. 
Although numerous studies have shown ring width chronologies to be 
significantly correlated with one or more climate variables, the extent to which ring 
widths correlate with overall tree productivity is less well understood.  However, the 
existence of large-scale relationships between ring width or MXD chronologies and 
climatic factors suggests that similar large-scale relationships between ring growth and 
tree productivity also exist.  One approach in dendroclimatology is to combine tree rings 
from a wide range of sites and species in order to capture signals from multiple climate 
variables (Hughes 2002).  By capturing the net response of ring widths to multiple 
climate variables over a large area, it may be possible to capture a synoptic productivity 
signal.  For example, Malmström et al. (1997) collected tree ring data from multiple 
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dominant species and different age classes of trees over a large region in order to capture 
interannual growth patterns and the forest response to a full suite of ecological variables.  
Through this approach, Malmström et al. (1997) found that detrended NDVI-based 
estimates of NPP were significantly correlated with ring width indices of paper birch and 
white spruce trees at the landscape-scale in Alaska.  
Because they both measure biophysical attributes related to growth, tree rings and 
remotely sensed vegetation indices may capture a common productivity signal. Robust 
links between tree rings and satellite data could improve understanding of the extent to 
which annual rings reflect overall tree productivity.  Moreover, such findings could 
indicate whether extensive tree ring networks are needed to capture large-scale 
productivity signals, or whether a smaller number of widespread tree ring samples can 
sufficiently capture large-scale productivity.   
Combining tree ring-based and vegetation index-based estimates of productivity 
may enhance both temporal and spatial understanding of vegetation productivity and C 
uptake.  Specifically, tree rings are sampled at discrete point locations, and significant 
correlations with continuous remote sensing data may inform spatial extrapolations of 
ring-based productivity estimates and reveal the geographic extent over which a given 
network of tree rings accurately represents productivity (Beck et al. 2013).  Because tree 
ring chronologies for individual trees can extend back for hundreds of years, identifying 
the geographic extent may improve the spatial resolution of reconstructions of historical 
productivity (Beck et al. 2013).  Furthermore, it would be helpful to determine whether 
tree rings and satellite observations coherently describe the response of trees to climate 
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variability, which, by extension, may improve understanding of how tree growth 
responds to climate change (Beck et al. 2013).  
Previous work has investigated causal relationships between ring widths and the 
Normalized Difference Vegetation Index (NDVI).  Kaufmann et al. (2004) examined 
correlations between Global Inventory Modeling and Mapping Studies (GIMMS) NDVI 
data from the Advanced Very High Resolution Radiometer (AVHRR) and tree ring 
widths (TRW) from northern forests of Eurasia and North America.  At each site, ring 
width chronologies were sampled from roughly twenty trees within a few square 
kilometers, and an average site chronology was computed.  This average chronology was 
compared to NDVI data from a single 8 km by 8 km pixel.  Kauffman et al. (2004) found 
that, although NDVI and ring widths were correlated, there was no causal relationship 
between these two variables.  In other words, neither variable drove the other, but the two 
variables were related to each other.  This finding implied that the two measurements 
shared a common signal imparted by an additional causal variable.  Kaufmann et al. 
(2004) argued that this common causal variable might be NPP.  In this argument, NPP 
drives both leaf production and biomass production; leaf production, in turn, correlates 
with NDVI; and biomass production correlates with tree ring measurements.  These 
relationships could lead to the observed correlation between ring widths and NDVI.  
Previous studies have considered the timing of significant correlations between 
TRW and remotely sensed vegetation indices.  Such studies may identify the critical 
months during which NDVI and annual tree ring growth are most strongly related.    
Kaufmann et al. (2004) found that monthly NDVI values, rather than NDVI averaged 
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over the growing season, provide more precise information about the relationship 
between NDVI and ring widths.  Kaufmann et al. (2008), considering ring widths in both 
conifer and deciduous trees from mid- and high-latitude sites in Eurasia and North 
America, found that the timing of correlations between ring width and monthly NDVI 
varies by latitude and tree type.  Specifically, their results indicate that rings from 
deciduous trees north of 40°N are related to NDVI during August; rings from deciduous 
trees south of 40°N are related to NDVI during April, May, October, and the entire 
growing season; and rings from coniferous trees are related to NDVI during May, June, 
and July.  Wang et al. (2004) found that ring width residuals of trees in an oak-hickory 
forest in northeastern Kansas (39°N) were strongly correlated to NDVI integrated from 
mid-May to late June, as well as to NDVI integrated from late April to October.  Though 
the results from Wang et al. (2004) and Kaufmann et al. (2008) differ somewhat in terms 
of the timing of correlations for deciduous trees south of 40°N (April, May, and October 
versus mid-May to late June) both studies indicate that the early growing season plays an 
important role in the formation of annual rings for mid-latitude deciduous trees.   
Several recent studies have demonstrated broad-scale relationships between tree 
ring data and remotely sensed vegetation indices in northern high-latitude forests.  For 
example, Bunn et al. (2013) considered links between ring width and third generation 
GIMMS NDVI (NDVI3g) data from forests across Siberia.  To do this, they used 
principal components analysis to identify a regional ring width chronology among a 
cluster of sites located throughout a 3 ∙ 10! km2 region of central Siberia.  Bunn et al. 
(2013) showed that there were moderately strong and consistent correlations between the 
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first principal component of tree ring growth and July NDVI for each 8 km by 8 km 
NDVI pixel.  The correlations extended over an area roughly 7 ∙ 10! km2.  They found 
similar results when considering either areas in which vegetation productivity is limited 
by temperature or semi-arid areas where productivity is limited by precipitation.   
These findings suggest that NDVI and ring width chronologies capture a common 
regional signal, whether vegetation growth is limited by temperature or precipitation.  In 
both cases, measures of productivity from tree rings and satellite data are coherent over a 
broad spatial extent. 
 In a similar study, Beck et al. (2013) compared chronologies of ring width and 
MXD to GIMMS-NDVI data for four sites near the arctic tree line spanning Alaska and 
western Canada.  In contrast to the results found by Bunn et al. (2013), Beck et al. (2013) 
found that ring width chronologies did not have significant correlations with NDVI 
during any time of year.  MXD chronologies, however, were found to be significantly 
and positively correlated with NDVI during the early growing season across large 
geographical regions (roughly 6 ∙ 10! km2).  This finding suggests that the MXD record 
reflects large-scale spatial patterns of ecosystem activity and, in addition, that MXD 
chronologies can provide a broad-scale record of interannual variability of vegetation 
productivity at high latitudes of North America.   
While results from these previous studies are informative, further studies are 
needed to understand the links between local and landscape measures of productivity 
(Wang et al. 2004).  Previous work has identified significant positive correlations 
between NDVI and chronologies of ring widths or MXD at varying spatial scales and 
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geographic locations.  However, most of this work has utilized coarse-resolution remote 
sensing data, particularly data provided by the AVHRR instrument.  With the opening of 
the Landsat archive, it is now possible to explore broad-scale correlations between tree 
ring measurements and satellite vegetation indices at a finer spatial resolution using 30 m 
by 30 m Landsat data.  Additionally, much previous work has focused on correlations 
between tree rings and satellite data in northern high-latitude regions.  Further work is 
needed to explore whether and how results observed at high latitudes hold up in 
temperate forests with higher species diversity and a mix of needleleaf and broadleaf 
trees. 
To address this challenge, the research described in this thesis examines empirical 
relationships between annual TRW, Landsat EVI, and Landsat-based phenology metrics 
in the Northeast United States. Our objective is to determine whether EVI is in fact 
correlated to a network of annual TRW, providing a stronger understanding of broad 
scale regional patterns in productivity for the Northeastern US. We expect that EVI 
averaged over the early growing season will have a stronger relationship with annual tree 
rings because early-season photosynthetic activity would generate resources needed for 
growth throughout the rest of the growing season.  
We also hypothesize that annual tree ring widths are positively correlated with 
EVI integrated over the entire growing season.  As annual production is generally related 
to NDVI integrated over the growing season (Wang et al. 2004), we expect that EVI 
integrated over the course of the growing season influences the growth of annual rings.  
Similarly, we also hypothesize that annual tree rings are positively correlated with 
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growing season length because a longer growing season would support a longer period of 
cell division within the tree cambium leading to increased radial growth.  Moreover, if 
annual productivity is correlated to EVI during months around the edges of the growing 
season, then a correlation between growing season length and TRW may be expected. 
Examining seasonal and monthly relationships between EVI and annual TRW 
may indicate whether spring greening or summer greening has a more important effect on 
annual NPP for forests in the Northeast US, or whether there are critical months during 
which productivity is particularly sensitive to changes in canopy greenness. 
 
2. Methods 
2.1. Study area 
This work focuses on the Northeastern region of the United States.  The region 
has a mid-latitude, humid continental climate marked by warm summers and cold, snowy 
winters.  The frost-free period ranges from 100 to 180 days in the north, and from 190 to 
225 days in the south.  A history of extensive glaciation has resulted in a complex terrain 
ranging from mountainous areas in northern New Hampshire and Vermont and eastern 
New York to hilly uplands in coastal Maine, and hills and plains in southern New 
England.  Across the Northeastern region, agricultural abandonment began in the 19th 
century, and the region is characterized by growth of regenerating forests recovering 





Figure 1.  Ecoregions within the 
Northeast US region. The 
Northern Appalachians and 
Atlantic Maritime Highlands 
ecoregion mapped as green and 
the the Northeastern Coastal Zone 
ecoregion mapped as yellow 
(Wilken et al. 2011).  A dashed 
black line outlines the area for 
which Landsat data were 






The northern, inland part of the study area is characterized by the Northern 
Appalachians and Atlantic Maritime Highlands ecoregion, which covers most of the 
northern and mountains parts of New England and also extends to the Adirondack and 
Catskill Mountains in New York (Figure 1). Typical forest vegetation includes mixed 
hardwood forests with sugar maple, beech, and yellow birch; mixed forests with 
hardwoods, hemlock, and white pine; and spruce-fir forests with balsam fir, red spruce, 
and birches (Wilken et al. 2011).   
The southern part of the study area falls within the Northeastern Coastal Zone 
ecoregion (Figure 1).  The major forest vegetation types include Appalachian oak forests 
and northeastern oak-pine forests.  Major species include white oak, red oak, hickories, 
white pine, as well as maple, beech, and birch species (Wilken et al. 2011).   
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2.2. Tree ring data 
Tree ring data were obtained from the International Tree-Ring Data Bank (ITRDB), 
which is managed by the National Climatic Data Center and is the world’s largest archive 
of tree ring data .  The ITRDB provides chronologies of raw ring width, wood density, 
and isotope measurements from over 3000 sites worldwide (Grissino-Mayer and Fritts 
1997).  Ring width chronologies are cross-dated such that each ring is dated with its year 
of growth.  For most sites, the cross dating is statistically evaluated using the COFECHA 
program (Holmes 1983). 
 
       
Figure 2.  Locations of the 46 tree ring sites (red points), and the locations of the 
Landsat scenes.  The image on the left shows the six Landsat scenes in Paths 12 and 
13 and Rows 29, 30, and 31 in yellow.  The image on the right shows the 
overlapping regions of Landsat scenes that were used for this research in green.  
Both images were created using QGIS. 
 
For this work we obtained tree ring data for 46 sites in the Northeast US.  The 
sites spanned Maine, New Hampshire, Vermont, Massachusetts, New York, and New 
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Jersey (Figure 2), and each site includes an average of 37 series of raw ring widths (Table 
2).  A large majority of the 46 sites are densely forested areas.  Among these 46 sites, tree 
ring series range from the year 1445 to the year 2008, but we limited our analysis to the 
years 1982 to 2008 to match the temporal record of the Landsat Thematic Mapper and 
Enhanced Thematic Mapper Plus (TM/ETM+).  Multiple species are represented (Table 
1).   
 
Table 1.  List of species included in the 46 tree ring sites. 
Species code Common Name 
QURU Red Oak 
TSCA Eastern Hemlock 
THOC Northern White Cedar 
FRNI Black Ash 
PIST Eastern White Pine 
PIRE Red Pine 
JUVI Eastern Red Cedar 
CYGL Pignut Hickory 
LITU Yellow Poplar 
QUPR Chestnut Oak 
QUST Post Oak 
QUVE Black Oak 
QUAL White Oak 
PIRI Pitch Pine 
BELE Black Birch 
CYOV Shagbark Hickory 
ACSH Sugar Maple 
PCRU Red Spruce 
ABBA Balsam Fir 
 
2.3. Satellite data 
All available Landsat TM/ETM+L1T images from 1982 to 2008 for a region 
spanning most of the Northeastern United States were used.  This region included 
Landsat scenes from Paths 12 and 13 and Rows 29, 30, and 31 (Figure 2).  Specifically, 
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pixels that fell within overlapping regions between pairs of horizontally adjacent Landsat 
scenes were used (Figure 2).  Each Landsat image was converted from raw digital 
number (DN) values to units of surface reflectance using the LEDAPS atmosphere 
correction tool (Vermote et al. 1997; Masek et al. 2008), and EVI was calculated from the 
surface reflectance data.  Clouds, cloud shadows, and snow were screened using the 
Fmask algorithm (Zhu and Woodcock 2012) 
2.4. Tree ring processing 
2.4.1. Overview 
The tree ring data were processed with the objective of determining a regional 
productivity signal among multiple sites.  In traditional dendroclimatology, ring width 
series are compared to particular climate variables such as summer temperature or 
precipitation.  In this study, the goal was to develop a chronology that captured the 
growth response to the full suite of climate variables, and thereby captured a yearly 
productivity signal over large spatial scales.  Thus, following detrending, the series from 
each site were averaged together to build mean site chronologies.  Finally, clustering 
analysis was used to identify groups of similar site chronologies.   
Variability in TRW is caused by several factors, including climatic factors, 
competition, and tree physiological status.  Ring width growth can be considered to 
reflect multiple signals, and dendrochronology is based on disaggregating observed ring 
widths into a finite number of signals (Cook and Kairiukstis 1990).  To extract individual 
signals from tree ring time series, a time series can be detrended to remove features that 
may be distorting or obscuring a relationship of interest.   
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 TRW series are intrinsically linear processes, and variability in ring width is 
commonly modeled as a linear aggregate model:     
                       𝑅! =   𝐴! +   𝐶! +   𝛿𝐷1! +   𝛿𝐷2! +   𝐸!                                      (1) 
in which 𝑅! is the observed ring width in year t, 𝐴!  is the age and size-related trend in 
ring width, and 𝐶! is the climate signal.  The terms 𝛿𝐷1!  and 𝛿𝐷2! represent local and 
stand-wide disturbances, respectively.  These terms include a binary factor (𝛿 = 0  or  𝛿 =1) to indicate whether or not a disturbance occurs in year t.  𝐸! is the remaining 
variability in ring width that is not related to the other signals. 
The term 𝐴! represents the effects of tree size and age on annual ring width (Cook 
and Kairiukstis 1990).  Regarding tree age, ring widths can decrease systematically with 
increasing tree age (Fritts 1976).  Regarding tree size, ring widths decrease geometrically 
as a given volume of wood around an increasingly larger tree stem circumference.  In 
other words, if a constant volume of wood is added each year, the ring width will 
decrease to accommodate the larger stem.  Considering only this tree size effect, ring 
width decays exponentially over time (Cook and Kairiukstis 1990).  However, age-
related trends and other factors distort this exponential decay, such that 𝐴! should be 
considered as a non-stationary, stochastic process.  In some cases, 𝐴! may be modeled 
with deterministic growth curve models such as negative exponential curve; however, 
deterministic curves often fail to adequately describe age- and size-related effects on 
TRW.   
 The term 𝐶!  describes the effect of climate-related variables on tree ring growth 
(Cook and Kairiukstis 1990).  Precipitation, temperature, and cumulative days above a 
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given base temperature often have substantial influences on ring width.  𝐶! includes 
climate variables that have similar influences on all sampled trees.  It is assumed that all 
trees in a stand are similarly affected by a given set of climate variables, and sampled 
trees should have a common climate signal.  𝐶! can be modeled as a stationary stochastic 
process, but it may also include autoregressive persistence (temporal autocorrelation).  In 
other words, climate variables in year t may influence ring width for one or more years 
into the future.      
Particularly in dense forests, competition and disturbance effects can distort the 
age, size, and climate effects described above.  The term 𝐷2!  describes the effects of non-
climatic, stand-wide disturbances on TRW (Cook and Kairiukstis 1990).  Stand-wide 
disturbances include fire, insects, disease, logging, or other processes that have a similar 
effect on all trees within a stand.  𝐷1! represents the effects of local disturbances on ring 
width growth.  Local competition disturbances are very common in closed-canopy forests 
and can be considered random events.  These disturbances affect individual trees and not 
the stand as a whole, resulting in low correlations among ring width series from multiple 
trees. 
The 𝐸! term is the remaining variability in ring width after 𝐴!,  𝐶!,  𝐷1! , and 𝐷2! 
have been accounted for  (Cook and Kairiukstis 1990).  Sources of 𝐸! are often site-
specific, and factors such as local soil and hydrology characteristics as well as 
measurement error may add variability to ring width series.  It is assumed that the 




2.4.2. EPS method 
To increase the mean between-series correlation at each site, each raw ring width 
series was screened using the using the expressed population signal (EPS) chronology 
stripping method (Fowler and Boswijk 2003).  This method is designed to maximize the 
EPS at each site by iteratively removing series that lower the EPS of the mean site 
chronology.  In the context of tree ring widths, EPS is a measure of chronology 
confidence (Cook and Kairiukstis 1990).  EPS increases with sample size, and with the 
strength of the mean correlation between series (Briffa and Jones 1990).     
 The EPS chronology stripping method was implemented using the dplR package 
in R.  This function iteratively standardizes ring width series from a given site and 
computes the EPS of the mean site chronology.  In each iteration, one ring width series is 
removed, and the EPS is calculated using all remaining series.  The series whose removal 
increases overall EPS the most is discarded.  The overall goal of applying the EPS 
stripping method was to discard ring width series that were relatively different form all 
other series within each site.    
2.4.3. Detrending TRW series 
TRW time series are generally detrended to isolate climate signals (𝐶!).  In other 
words, modeling and removing trends influenced by non-climatic factors can help to 
reveal climatically-driven variability in tree ring growth.  Detrending and standardization 
of ring width series produces unitless tree ring width index (TRI) values.  TRI time 
series, which are stationary and stochastic, can be averaged together.  Various detrending 
methods are available to generate TRI time series, and the selected detrending technique 
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needs to be flexible enough to track the rapid growth of juvenile trees.  However, a 
detrending method that is too flexible may mask or remove the signal of interest (Cook 
and Kairiukstis 1990).  
An important goal of dendrochronology is to disaggregate the effects described 
above and determine how each effect contributes to annual tree ring growth.  However, 
there may be covariance among these effects, making it difficult to isolate specific signal 
components.  Moreover, different effects occur at varying temporal scales.  From the 
frequency domain perspective, this means that different effects occur at different 
frequencies.  A common solution in dendrochronology is to separate climatic versus non-
climatic effects on ring width growth (Cook and Kairiukstis 1990).  Specifically, a 
growth trend is defined as a function of age- and size-related trends, and both local and 
stand-wide disturbances:  
                                                𝐺! = 𝑓(𝐴! ,    𝛿𝐷1! , 𝛿𝐷2!)                               (2) 
The goal is to model and remove the biological growth trend 𝐺! from each ring width 
series.  To meet this goal, dendrochronologists commonly detrend and standardize raw 
ring width series.   
Methods for modeling 𝐺! fall into two general classes, deterministic and 
stochastic approaches.  Deterministic methods assume that growth trends are relatively 
simple in form, and that 𝐺! is modeled using linear regression or a modified negative 
exponential function.  Deterministic growth trend models can be suitable for open-
canopy, undisturbed trees as well as juvenile trees with strong growth trends.  However, 
these methods may be too simple and restrictive to describe variability in tree ring 
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growth, particularly for trees in dense forests, which are affected by competition for light 
and nutrients that suppresses growth.  Such trees may have more complex ring width 
series, with variability that occurs on shorter timescales.  Deterministic methods may not 
successfully remove non-climatic variation that occurs at smaller timescales (Cook and 
Kairiukstis 1990). 
Due to the potential problems of using deterministic growth trend models, 
stochastic methods have also been developed (Cook and Kairiukstis).  Stochastic methods 
for estimating growth trends are more data-adaptive and can incorporate disturbance 
effects 𝐷1!  and  𝐷2!.  The cubic smoothing spline, an example of a stochastic detrending 
method, is a highly flexible detrending technique that is commonly applied to ring width 
time series.  This technique has been specifically developed for detrending ring width 
series from forest interior trees and consists of a series of piecewise cubic polynomials, 
each polynomial fit to sequences of three points in the series (Meko 2013).  The cubic-
smoothing spline method is frequently used to fit and remove ring width trends that might 
not be linear or that do not monotonically increase or decrease over time (Meko 2013).   
When estimating the smoothing spline, the spline parameter determines whether 
more emphasis is placed on generating a smooth curve versus a curve that closely fits the 
data.  Detrending affects the spectral properties of TRW series, described by the 
frequency response of a particular detrending method, which measures how strongly the 
spline responds to or “tracks” variability at a given frequency (Meko 2013).  The 
magnitude of the response at a given frequency is calculated as the amplitude of the wave 
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in the smoothing spline divided by the amplitude of the wave in the original ring width 
series.    
In the present study, TRW series were detrended using the cubic-smoothing spline 
technique through the dplR package in R (Bunn 2008).  As implemented through the dplR 
package, the smoothing spline approach closely follows the “n-year spline” approach 
described by Cook and Peters (1981).   This means that 𝐺! is calculated as a spline with a 
frequency response of 50% at a wavelength of n years, where n is 2/3 the series length in 
years (Cook et al. 1990).  For example, given a series that is 120 years in length, the 
magnitude of variability that occurs on a timescale of 80 years (or, 2/3 the series length) 
will be reduced by 50%.  These parameters are chosen with the objective of removing 
low-frequency variability that is due to biological or stand effects. 
Without prior knowledge of the frequency at which 𝐺!  affects tree ring growth, it 
can be difficult to select the optimal frequency response of the smoothing spline (Cook 
and Kairiukstis 1990).  The n-year spline approach is one method of selecting the optimal 
frequency response.  However, relative to other approaches, this approach may result in a 
lower signal to noise ratio (SNR) among the detrended series.  The lower SNR from the 
n-year spline method can be mitigated by prewhitening the detrended series and by using 
a robust mean when building a mean site chronology (Cook and Kairiukstis 1990).  The 
prewhitening and robust mean methods are described in the following sections. 
Using the dplR package in R, the tree ring series were both detrended and 
standardized.  Detrending refers to estimating and removing 𝐺!, while standardizing 
refers to dividing each series by the modeled growth trend 𝐺!, producing unitless ring 
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width index (RWI) values (Bunn 2008).  To do this, 𝐺! is removed by the ratio method, 
in which the ratio of the time series and the spline is calculated for each point in time.  
This ratio exceeds 1.0 when the series is above the trend line and is less than 1.0 when the 
series falls below the trend line.  The ratio method is preferable for some kinds of data 
because it yields dimensionless values and removes trend in variance that might occur 
along with trend in mean.  For example, variance of ring widths tends to be high when 
mean ring width is high and low when mean ring width is low (Meko 2013).     
2.4.4. Prewhitening, mean site chronologies, and regional signals 
Each TRI series was prewhitened using autoregressive modeling to remove any 
biologically-related persistence in the TRI series.  Because TRW from a given year 
usually depends on ring width from previous years, this step removed temporal 
autocorrelation from the TRI time series.  
After detrending and prewhitening all series, the TRI series at each site were 
averaged together using a mean-value function. This step yielded one mean chronology 
per site.  The mean-value function was implemented to average the common features 
among all series into one TRI chronology.  The objective was to maximize the common 
signal and minimize the noise, or between-core variability.  In this case, the objective was 
to maximize the common effect of Ct on ring width.  Using the dplR package in R, mean 
chronologies were computed for each site using Tukey’s biweight robust mean.  
 After computing 46 mean site chronologies, clustering methods were used to 
identify groups of similar site chronologies and a common regional Ct signal.  
Chronology data for the years 1903 to 2008 were considered.  The Euclidian distances 
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between the chronologies were calculated using the stats package in R, and these 
distances were analyzed using hierarchical clustering of dissimilarities to identify clusters 
of similar chronologies.  To compute a regional chronology that emphasizes the effects of 
Ct on ring width growth, clusters with similar chronologies were averaged together. 
 
2.5. Landsat EVI time series and phenology metrics 
Landsat EVI data of each 30 m pixel were aggregated into monthly means and 
assembled into time series for all available dates of data within the years 1982 to 2008 
using MATLAB. To better capture interannual variability in EVI, linear models were fit 
to the monthly EVI time series in each pixel, and any detected trends were removed .  
Additionally, time series of EVI integrated over the growing season were 
assembled for the years 1982 to 2008.  Time series were built for each of two different 
EVI-integration periods, including April through October and May through September.  
The trapz function in MATLAB was used to compute the trapezoidal numerical 
integration over the mean monthly values for each timescale (April-October and May-
September).  Similar to the time series of mean monthly EVI, linear models were fit to 
the time series of integrated EVI values in each pixel, and any detected trends were 
removed. 
To complement monthly and integrated EVI data, time series of Landsat-based 
phenological metrics were also assembled for each Landsat pixel using MATLAB.  
These metrics include the day of year (DOY) of spring onset and the DOY of fall 
senescence (Melaas et al. 2013).  Additionally, time series of growing season length were 
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computed for each pixel, calculated as the difference between the spring and fall 
transition dates.  To better capture interannual variability in phenology, linear models 
were fit and any detected trends were removed from the time series in each pixel.    
To quantify correlations between the remote sensing and the tree ring data, both 
Spearman’s rank correlation coefficient and Pearson’s correlation coefficient were 
computed between TRI time series and the EVI time series using the corr function in 
MATLAB on a pixel-by-pixel basis.  While Pearson’s correlation coefficient was used to 
investigate potential linear correlations between the two variables, Spearman’s rank 
correlation was also used to capture any potentially nonlinear correlations.   
To map the resulting correlation fields, the magnitude of the resulting correlation 
coefficients were displayed for each pixel within the overlapping region between Landsat 
scenes.  Correlations were only considered for pixels that were classified as forested by 
the 2006 National Land Cover Database (NLCD) land-cover classification (Fry et al. 
2011).   
 
3. Results 
3.1. Tree ring data 
In the first step of my analysis, I processed and analyzed TRW data from 46 sites 
distributed throughout Maine, New Hampshire, Vermont, Massachusetts, New York, and 
New Jersey (Figure 2).  Data from these sites included 19 species, with 11 deciduous 
species among 28 sites, and 8 coniferous species among 18 sites.  After the EPS stripping 
method was applied, the number of ring width series per site was reduced, the EPS of 
each site chronology was increased (Table 2), and the individual sites had high 
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correlation between series (median 𝑟 among all sites = 0.59, with IQR 0.43-0.74).  There 
was also high first-order autocorrelation in the series at each site (median first-order 
autocorrelation = 0.74, with IQR = 0.57-0.90).  Table 3 provides descriptive statistics for 
each site. 
Table 2.  Effects of EPS stripping method on the 46 chronologies.  noriginal: 
the original number of series.  nnew: the number of series remaining after 
the EPS stripping procedure.  EPSoriginal: the EPS value of the initial set of 
ring width series.  EPSnew: the EPS value of the set of TRW series 
remaining after applying the EPS stripping method. 
ID Site noriginal nnew EPSoriginal EPSnew 
1 ma016 31 30 0.939 0.94 
2 ma017 8 6 0.79 0.792 
3 ma018 7 7 0.82 0.82  
4 me021 34 31 0.948 0.951 
5 me022 23 23 0.892 0.892 
6 me028 44 43 0.952 0.953 
7 me029 57 56 0.967 0.968 
8 me031 42 41 0.938 0.939 
9 me032 41 41 0.948 0.948 
10 me033 79 78 0.944 0.945 
11 me034 20 17 0.89 0.895  
12 me035 20 19 0.916  0.92 
13 nh005 53 52 0.929  0.931 
14 nh006 116 116 0.941 0.941 
15 nj003 18 17 0.852 0.855 
16 nj004 27 27 0.927 0.927 
17 nj005 28 28 0.94 0.94 
18 nj006 42 41 0.968 0.69 
19 nj007 48 47 0.952  0.953 
20 ny011 25 24 0.942 0.943 
21 ny015 29 24 0.874 0.881 
22 ny017 31 27 0.903 0.912 
23 ny018 34 34 0.967  0.967 
24 ny019 26 23 0.913 0.918 
25 ny020 32 32 0.968 0.968 
26 ny021 27 24 0.885 0.889 
27 ny022 23 23 0.928 0.928 
28 ny024 30 24 0.892 0.907 
29 ny025 13 13 0.85 0.85  
30 ny026 27 25 0.93 0.94 
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31 ny027 15 15 0.904 0.904  
32 ny028 14 13 0.881 0.883 
33 ny029 21 21 0.929 0.929 
34 ny030 20 19 0.882 0.888 
35 ny031 33 30 0.916 0.922  
36 ny032 28 27 0.916 0.92  
37 ny033 26 25 0.921 0.922  
38 ny034 29 28 0.946 0.947 
39 ny035 32 31 0.947 0.948  
40 ny037 24 22 0.933 0.939 
41 ny038 24 21 0.889 0.895 
42 ny039 42 40 0.931 0.934  
43 vt003 182 181 0.95 0.951 
44 vt006 76 74 0.939 0.941 
45 vt007 124 123 0.94 0.941 




Table 3.  Descriptive statistics for 46 sites of tree ring width (TRW) 
measurements from the Northeast US, after implementation of the EPS 
stripping method.  n: the number of dated TRW series at each site. 𝒓:  
mean interseries correlation at each site, based on correlations of 50 
year segments.  𝝓:  mean first order autocorrelation at each site.  
Site Lat Long Species n 𝒓 𝝓 
MA-016 42.17 -72.80 Red Oak 30 0.62 0.62 
MA-017 42.64 -72.94 Eastern Hemlock 6 0.53 0.80 
MA-018 42.09 -73.51 Eastern Hemlock 7 0.56 0.78 
ME-021 46.23 -69.00 Eastern Hemlock 31 0.62 0.79 
ME-022 46.77 -69.17 N. White Cedar 23 0.54 0.72 
ME-028 47.20 -68.80 Black Ash 43 0.65 0.77 
ME-029 45.23 -68.62 Black Ash 56 0.56 0.69 
ME-031 44.67 -69.40 Black Ash 41 0.61 0.65 
ME-032 45.73 -68.58 Black Ash 41 0.59 0.69 
ME-033 44.37 -68.27 
Eastern White 
Pine 78 0.60 0.70 
ME-034 44.42 -68.28 
Eastern White 
Pine 17 0.58 0.77 
ME-035 44.33 -68.30 
Eastern White 
Pine 19 0.65 0.75 
NH-005 43.80 -71.83 Red Pine 52 0.53 0.74 
NH-006 43.20 -71.17 
Eastern Red 
Cedar 116 0.52 0.71 
NJ-003 41.00 -74.13 Pignut Hickory 17 0.52 0.57 
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NJ-004 41.00 -74.13 Yellow Poplar 27 0.59 0.63 
NJ-005 41.12 -74.47 Yellow Poplar 28 0.61 0.69 
NJ-006 41.12 -74.47 Red Oak 41 0.67 0.76 
NJ-007 41.12 -74.47 Chestnut Oak 47 0.65 0.66 
NY-011 41.77 -74.17 Eastern Hemlock 24 0.66 0.82 
NY-015 42.58 -74.28 
Eastern Red 
Cedar 24 0.65 0.49 
NY-017 43.09 -73.39 Chestnut Oak 27 0.63 0.71 
NY-018 43.09 -73.39 Red Oak 34 0.64 0.74 
NY-019 40.96 -73.80 Post Oak 23 0.57 0.78 
NY-020 43.70 -73.64 Black Oak 32 0.70 0.61 
NY-021 42.98 -74.02 Pignut Hickory 24 0.55 0.67 
NY-022 42.98 -74.02 White Oak 23 0.58 0.67 
NY-024 42.04 -74.31 Pignut Hickory 24 0.56 0.71 
NY-025 41.77 -74.18 Pitch Pine 13 0.59 0.62 
NY-026 42.04 -74.31 Black Oak 25 0.63 0.75 
NY-027 41.77 -74.18 Eastern Hemlock 15 0.59 0.79 
NY-028 41.77 -74.17 Eastern Hemlock 13 0.60 0.67 
NY-029 41.77 -74.18 Eastern Hemlock 21 0.66 0.83 
NY-030 42.19 -73.98 Yellow Poplar 19 0.62 0.62 
NY-031 42.19 -73.98 Chestnut Oak 30 0.58 0.72 
NY-032 42.19 -73.98 Red Oak 27 0.57 0.70 
NY-033 43.43 -73.92 Black Birch 25 0.59 0.72 
NY-034 43.43 -73.92 
Shagbark 
Hickory 28 0.61 0.68 
NY-035 43.43 -73.92 White Oak 31 0.68 0.70 
NY-037 42.82 -73.99 Black Oak 22 0.64 0.75 
NY-038 41.42 -74.08 White Oak 21 0.58 0.64 
NY-039 42.74 -74.34 Chestnut Oak 40 0.62 0.62 
VT-003 44.45 -72.86 Sugar Maple 181 0.43 0.76 
VT-006 44.45 -72.85 Red Spruce 74 0.59 0.76 
VT-007 44.45 -72.86 Eastern Hemlock 123 0.53 0.75 
VT-008 44.45 -72.85 Balsam Fir  72 0.50 0.73 
 
3.2. Detrending 
Each TRW series was detrended using cubic-smoothing splines.  To do this, the 
“n-year spline” approach described by Cook and Peters (1981) was used, where the 
growth trend 𝐺! was modeled as a spline with a frequency response of 50% at a 
wavelength of n years, and where n is 2/3 the series length in years (Cook et al. 1990).  
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Figure 3 provides an example of the detrending process: the top black curve shows the 
raw ring width values of one ring width series from site MA-016 for the years 1885 to 
1998 (a period of 113 years), and the top green curve shows the smoothing spline.  The 
bottom green curve shows the standardized TRI series over the same time period, 
computed by dividing observed series by the smoothing spline.  For this particular series, 
the spline tracked variation in the original series such that variation occurring at 
wavelengths of 73.33 years (two thirds of 113 years) was damped by 50%.   
 
 
Figure 3.  An example of the detrending process for the raw TRW series TEK142M 
from site MA-016.  The top figure shows the raw TRW values for one series that 
spans the years 1885 to 1998 (113 years in length).  The green curve is the 
smoothing spline, or the estimated growth trend 𝐺!.  The bottom figure shows the 
standardized TRI series over the same time period, computed by dividing the 
observed series by 𝐺!.  The spline was parameterized such that variation occurring at 
wavelengths of 75.33 years (two thirds of 113 years) in the original series is damped 
by 50% in the standardized series. 
3.3. Regional signal among tree ring sites 
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 The TRI series were then assembled into site chronologies using Tukey’s 
biweight robust mean.  The robust mean discounts the influence of outliers in the 
computation of the site mean, reducing variance and bias caused by outliers (Cook and 
Kairiukstis 1990).  The resulting dataset consisted of 46 mean chronologies, one for each 
site. 
To identify common tree growth signals among the 46 sites in the Northeastern 
US, a clustering analysis was performed using chronology data from 1903 to 2008.  This 
analysis identified a group of similar deciduous chronologies, a group of similar 
evergreen chronologies, as well as groups of northern and southern sites (Figure 4).  The 
two sites NY-015 and NY-025 were not included in any of these groupings because these 





Figure 4. Groupings of similar site chronologies identified by clustering analysis.  
This analysis identified a group of northern sites, a group of evergreen sites, a group 
of deciduous sites, and a group of southern sites.  Labels refer to species codes (see 
Table 1).     
 
Results from the clustering analysis clearly point to a distinction between 
evergreen and deciduous site chronologies.  As further support of this distinction, 
principal components analysis (PCA) was performed using the 46 site chronologies over 
the years 1903 to1986 (the time interval during which all 46 sites had TRW data 
available).  Plotting the first principal component (PC1) against the second principal 
component (PC2) illustrates how distinct the deciduous and evergreen site chronologies 




a)     b)  
Figure 5. a) The regional deciduous chronology ± 1 standard deviation, plotted with 
the regional evergreen chronology ± 1 standard deviation.  Lines show mean time 
series in each case.  b) Results from a principal components analysis on the 46 tree 
ring sites.  A scatter plot of the first principal component (PC1) against the second 
principal component (PC2) shows that PC1 separates deciduous end evergreen ring 
width chronologies.  Red points represent sites with ring width chronologies of a 
deciduous species, and blue points represent sites with ring width chronologies of an 




Figure 6.  Locations of the sites that make up the regional deciduous chronology 
(red points) and the sites that make up the regional evergreen chronology (blue 
points), mapped with the location of the transect for which EVI data was obtained 
(black outline).  The transect falls over two ecoregions, the Northern Appalachians 
and Atlantic Maritime Highlands ecoregion (mapped as green) and the the 




From Figure 4, the group composed of deciduous site chronologies includes sites 
MA-016, NJ-006, NJ-007, NY-017, NY-018, NY-019, NY-020, NY-021, NY-022, NY-
026, NY-031, NY-032, NY-033, NY-034, NY-035, NY-037, NY-038, NY-039, and VT-
003.  The group composed of evergreen site chronologies includes sites MA-17, MA-18, 
ME-021, ME-022, NY-029, VT-006, VT-007, and VT-008.  All chronologies within each 
group were averaged together, yielding what we assume to be regional deciduous and 
regional evergreen chronologies (Figure 5a).  Figure 5a shows the mean deciduous and 
evergreen chronologies (in both cases, the mean ± 1 standard deviation is plotted), and 
Table 4 shows the species and the years in which data were available for each site within 
the regional deciduous and evergreen chronologies.  Table 4 also lists the R2 value 
between each individual site chronology and the mean of all remaining chronologies 
within either the regional deciduous or evergreen chronology as an indication of how 
well the site chronologies agreed with each other.  Finally, Figure 6 maps the locations of 
the individual sites that make up the regional deciduous and evergreen chronologies as 










3.4. Regional deciduous chronology  
3.4.1.  Correlation results with monthly EVI time series 
I examined correlations between the regional deciduous chronology and mean 
monthly EVI time series.  The strongest results occurred in the northern part of the study 
area, and we therefore focused on this region, which includes the border between New  
Hampshire and Maine, for the remainder of this analysis.  The results of the correlations 
between the regional deciduous TRI chronology and the monthly EVI time series for 
each month April through October are displayed in Figure 7.     
Figure 7 displays the same-year (no lag) Spearman’s rank correlations between 
the regional deciduous chronology and EVI time series at each 30m x 30m pixel.  In 
 
 
Figure 7. Spearman’s rank correlation coefficient between mean monthly EVI time 
series and the regional deciduous chronology.  The bottom panel shows the full 
correlation field, while the top panel shows only significant (p<0.1) correlations.  In 
the top panel, gray pixels indicate for which pixels the correlation was computed – 
we considered all forested pixels (deciduous, evergreen, and mixed forest classes) 
with at least 12 years of data available.  These figures focus on an area that overlaps 
with the border between New Hampsre and Maine. 
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other words, this correlation tests whether there is a significant relationship between 
monthly EVI and annual ring growth of the same year.  The mapped correlation 
coefficients indicate that very few pixels had significant correlations.  Overall, there were 
no strong associations between ring width and monthly EVI from the same growing 
season.  
Table 4.  The sites that make up the regional deciduous chronology (top boxes) 
and the regional evergreen chronology (bottom box), along with the species of 
the sampled trees at each site, the years of data available from each site from the 
year 1982 and onward, and the R2 value between each individual site chronology 
and the mean of all remaining chronologies within either the deciduous or 
evergreen group. 
Regional deciduous chronology 
Site Species Years R2 Site Species Years R2 





NJ-006 Red Oak 1982 – 2001 0.43 NY-032 Red Oak 
1982 – 
2002 0.32 
NJ-007 Chestnut Oak 
1982 – 





NY-017 Chestnut Oak 
1982 – 




















NY-021 Pignut Hickory 
1982 – 





NY-022 White Oak 
1982 – 





NY-026 Black Oak 1982 – 2002 0.49 
   
  
Regional evergreen chronology 
Site Species Years R2 Site Species Years R2 
MA-017 Eastern Hemlock 
1982 – 







MA-018 Eastern Hemlock 
1982 – 





ME-021 Eastern Hemlock 
1982 – 





ME-022 N. White Cedar 
1982 – 









Figure 8.  Spearman’s rank correlation coefficient between mean monthly EVI time 
series and the regional deciduous chronology lagged by one year (this correlation 
assesses whether canopy greenness in year t influences TRI in year t+1).  The bottom 
panel shows the full correlation field while the top panel shows only significant 
(p<0.1) correlations.  In the top panel, gray pixels indicate the pixels for which the 
correlation was computed – we considered all forested pixels (deciduous, evergreen, 
and mixed forest classes) with at least 12 years of data available.  
 
I next considered lagged relationships to assess whether EVI in year t correlates 
with tree ring growth in year t+1 (Figure 8).  Considering the lagged relationship between 
the regional deciduous chronology and the EVI time series, significant results were seen 
for May EVI and October EVI (Figure 9).  There are significant positive correlations with 
May EVI, and significant negative correlations with October EVI.  Moreover, Figure 9 
demonstrates that these results are consistent whether using Spearman’s rank or 
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Pearson’s correlation coefficient as the unit of agreement, indicating that there are linear 




Figure 9.  Spearman’s rank (bottom figures) and Pearson’s (top figures) correlation 
coefficients between mean monthly EVI time series and the pre-whitened 
deciduous TRI time series lagged by one year (this assesses whether canopy 
greenness in year t influences TRI in year t+1).  For both the top and bottom 
panels, the left figure consideres mean May EVI from 1982 through 2008, while 
the right figure considers mean October EVI.  The gray pixels show all forested 
pixels (deciduous, evergreen, and mixed) that had at least 12 years of data 
available.  The overlaying colored pixels show those forested pixels which had 
significant (p<0.1) correlation coefficient values.   
 
3.4.2. Correlation results with time series of integrated EVI  
As an added test, we also considered correlations between the regional deciduous 
chronology and time series of EVI integrated over the growing season.  Two different 
EVI-integration periods were considered, April through October and May through 
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September.  Figure 10 shows the correlations per integrated EVI and TRI from the same 
year.  Although the shorter EVI-integration period (May through September) had 
considerably more pixels of data available, results with both integration periods yielded 
very low numbers of pixels with significant correlations. 
 
 
Figure 10.  Spearman’s rank correlation coefficient between time series of EVI integrated 
over the growing season and the regional deciduous chronology (same year relationship).  
The two bottom figures show the results for EVI integrated from May to September, while 
the two top figures show the results for EVI integrated from April to October.  The right 
figures show the full correlation field, while the left figures show only significant (p<0.1) 
correlations.  In these left figures, the gray pixels display which pixels were considered – 
we considered all forested pixels (deciduous, evergreen, and mixed forest classes) with at 
least 5 years of data available.   
 
Lagged correlations between the deciduous chronology and time series of integrated 
EVI were also considered (Figure 11).  Similar to the same-year relationships shown in 
Figure 10, Figure 11 shows that very few pixels had significant correlations.  However, 
the lagged correlation with EVI integrated from May through September (Figure 11, 
bottom panel) yielded clusters of significant positive correlated pixels in the southeast 






Figure 11.  Spearman’s rank correlation coefficient between time series of EVI 
integrated over the growing season and the lagged regional deciduous 
chronology (assessing whether integrated EVI in year t is correlated with TRI in 
year t+1).  The two bottom figures show the results for EVI integrated from May 
to September, while the two top figures show the results for EVI integrated from 
April to October.  The right figures show the full correlation field, while the left 
figures show only significant (p<0.1) correlations.  In these left figures, the gray 
pixels display which pixels were considered – we considered all forested pixels 
(deciduous, evergreen, and mixed forest classes) with at least 5 years of data 
available.   
 
3.4.3. Correlation results of phenology time series 
Additionally, I explored correlations between the regional deciduous chronology 
and mean time series of phenology metrics estimated from Landsat.  The phenology 
metrics include DOY of spring onset, the DOY of fall offset, and the growing season 
length, which was computed as the difference between the spring and fall transition dates.  
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Figure 12 (upper panel) shows that there were very few pixels with significant 




Figure 12.  Spearman’s rank correlation coefficient between the regional 
deciduous chronology and different phenological metrics (same-year 
relationship).  The gray pixels show all forested pixels (deciduous, evergreen, 
and mixed) that had at least 12 years of data available.  The overlaid colored 
pixels show those forested pixels which had significant (p<0.1) correlation 
coefficient values.  Correlation coefficients between TRI and spring onset DOY 
(left), fall offset DOY (center), and growing season length (right). 
 
We also investigated how well the phenology metrics correlated with the 
deciduous chronology lagged by one year (Figure 13).  Less than ten percent of pixels 
had significant correlations for each phenology metric.  Among those pixels where 
correlations were significant, most were negative, meaning that earlier spring onset in a 
given year leads to increased ring width growth in the following year, and that delayed 





Figure 13.  Spearman’s rank correlation coefficient between different phenological 
metrics and regional deciduous chronology lagged by one year (assesses whether 
phenology in year t influences TRI in year t+1).  In the bottom panel, correlation 
coefficients are shown for all forested pixels with at least 12 years of data (the gray 
pixels show the extent of forested pixels).  The top panel shows the correlation 
coefficients for significant (p<0.1) correlations (the gray pixels show the extent of 
forested pixels with at least 12 years of data).  Phenology metrics include spring 
onset DOY (left), fall offset DOY (center), and growing season length (right). 
3.5. Regional evergreen chronology 
3.5.1. Correlation results with monthly EVI time series 
We also explored whether EVI time series was correlated with TRW among 
conifers.  In the first step of this investigation, correlations between monthly EVI time 
series and the regional evergreen chronology were assessed.  Regarding same-year 
correlations, there were few pixels with significant correlations (Figure 14, top panel).  
Some scattered pixels in the northern part of the study area had positive correlations 
during May and, to a lesser extent, June.  A small cluster of pixels in the southeast corner 
of the study area had significant positive correlations during August.  For pixels within 
this cluster, positive correlations indicated that higher EVI values during August lead to 
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increased tree ring growth.  Regarding the full correlation fields (Figure 14, bottom 
panel), the correlations were generally positive in May, June, and August, and that the 
correlations were somewhat more negative in September and October. 
Lagged correlations between monthly EVI time series and the regional evergreen 
chronology were also explored (Figure 15).  This analysis investigated whether EVI 
during a given month of the growing season influenced regional TRW among conifers 
during the following year.  Similar to the results for the same-year correlations in Figure 
14, very few pixels had significant correlations.  Some scattered pixels in the southeast 
corner of the study area exhibited significant negative correlations between August EVI 
and lagged TRI.  More generally, the lagged correlations are generally positive during 
















Figure 14.  Spearman’s rank correlation coefficient between mean monthly EVI 
time series and the regional evergreen chronology (same-year correlation).  The 
bottom panel shows the full correlation field, while the top panel shows only 
significant (p<0.1) correlations.  In the top panel, gray pixels indicate for which 
pixels the correlation was computed – we considered all forested pixels (deciduous, 
evergreen, and mixed forest classes) with at least 12 years of data available. 
 
 
Figure 15.  Spearman’s rank correlation coefficient between mean monthly EVI 
time series and the regional evergreen chronology lagged by one year (this 
correlation assesses whether canopy greenness in year t influences TRI in year t+1).  
The bottom panel shows the full correlation field, while the top panel shows only 
significant (p<0.1) correlations.  In the top panel, gray pixels indicate for which 
pixels the correlation was computed – we considered all forested pixels (deciduous, 
evergreen, and mixed forest classes) with at least 12 years of data available. 
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3.5.2. Correlation results of phenology time series 
Although very low numbers of pixels had significant correlations between the 
evergreen chronology and time series of mean monthly EVI, I also tested whether the 
timing of phenological transitions was correlated with the regional evergreen chronology.  
The results from this test showed that a substantial number of pixels had significant 
negative correlations between the evergreen chronology and the DOY of spring onset 
(Figure 16).  This result indicated that an earlier onset of spring would lead to more tree 
ring growth during the same year.    
 
 
Figure 16.  Spearman’s rank correlation coefficient between the regional evergreen 
and the DOY of spring onset (same-year relationship).  The gray pixels show all 
forested pixels (deciduous, evergreen, and mixed) that had at least 12 years of data 
available.  The overlaying colored pixels show those forested pixels which had 
significant (p<0.1) correlation coefficient values.  Correlation coefficients between 
TRI and spring onset DOY (left), fall offset DOY (center), and growing season 







Figure 17.  Spearman’s rank correlation coefficient between the DOY of spring onset 
and regional evergreen chronology lagged by one year (assesses whether phenology in 
year t influences TRI in year t+1).  In the bottom panel, correlation coefficients are 
shown for all forested pixels with at least 12 years of data (the gray pixels show the 
extent of forested pixels).   The top panel shows the correlation coefficients for 
significant (p<0.1) correlations (the gray pixels show the extent of forested pixels with 
at least 12 years of data).   
 
Additionally, potential lagged correlations between the evergreen chronology and spring 
transition date were explored.  Although the full correlation field shows that pixels have 
generally positive correlations (Figure 17, right plot), there are very few pixels with 
statistically significant correlations.   
Figure 18 shows the results of the same-year correlations between the regional 
evergreen chronology and the time series of the DOY of fall senescence from Landsat.  
This analysis investigates whether tree ring growth is correlated with the growing season 
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extending later into the fall.  The image on the left shows that very few pixels had 
significant correlations.  
 
 
Figure 18.  Spearman’s rank correlation coefficient between the regional evergreen 
and the DOY of fall senescence (same-year relationship).  The gray pixels show all 
forested pixels (deciduous, evergreen, and mixed) that had at least 12 years of data 
available.  The overlaying colored pixels show those forested pixels which had 
significant (p<0.1) correlation coefficient values.  Correlation coefficients between 
TRI and spring onset DOY (left), fall offset DOY (center), and growing season 
length (right).   
 
Figure 19 shows lagged correlations between the regional evergreen chronology 
and the time series of the DOY of fall senescence.  This analysis investigates whether tree 
ring growth is the date of fall senescence from the previous growing season.  The image 
on the left shows very few pixels had significant correlations.  
Table 5 summarizes the results of the different correlation analyses investigated 
for this research.  Specifically, for each EVI time series and each regional chronology, 
Table 5 lists the percentage of pixels with significant pixels as well as the mean 
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correlation coefficient and standard deviation for all pixels within each test.  The results 
are shown for each EVI time series for both the lagged and same-year correlations.    
 
 
Figure 19.  Spearman’s rank correlation coefficient between the DOY of fall 
senescence and regional evergreen chronology lagged by one year (assesses whether 
phenology in year t influences TRI in year t+1).  In the bottom panel, correlation 
coefficients are shown for all forested pixels with at least 12 years of data (the gray 
pixels show the extent of forested pixels).   The top panel shows the correlation 
coefficients for significant (p<0.1) correlations (the gray pixels show the extent of 






Table 5.  Summary of results of the correlations between the regional chronologies 
and the time series of different EVI metrics.  The first column describes which EVI 
metric was used, and whether a lagged or same-year relationship was considered.  
The second column lists the percentage of all pixels considered that had significant 
(p<0.1) correlations.  The mean correlation coefficient and standard deviation of all 
significant pixels are also reported.   
EVI  
time series 

















April EVI 0.07 -0.02 0.15 0.03 -0.08 0.15 
Lagged 0.03 -0.11 0.14 0.09 0.35 0.19 
May EVI 0.05 -0.33 0.14 0.07 0.46 0.1 
Lagged 0.33 0.5 0.04 0.07 0.18 0.15 
June EVI 0.1 -0.28 0.12 0.08 0.45 0.11 
Lagged 0.22 0.48 0.06 0.05 -0.03 0.14 
July EVI 0.06 -0.14 0.09 0.07 -0.13 0.11 
Lagged 0.05 0.21 0.1 0.06 -0.31 0.13 
August 
EVI 0.11 -0.45 0.07 0.08 0.35 0.13 
Lagged 0.13 0.43 0.1 0.11 -0.46 0.11 
Sep. EVI 0.11 0.27 0.12 0.13 -0.26 0.11 
Lagged 0.06 -0.22 0.13 0.05 0.03 0.14 
October 
EVI 0.01 0.07 0.14 0.05 -0.22 0.13 




0.06 -0.08 0.19 
 - -  - 




0.04 0.02 0.15 
 - -  - 
Lagged 0.18 0.59 0.03  - -  - 
Spring 
onset 0.08 0.17 0.14 0.35 -0.59 0.04 
Lagged 0.09 -0.41 0.11  0.10 0.42  0.12 
Fall offset 0.08 0.41 0.09 0.11 -0.46 0.09 
Lagged 0.08 -0.37 0.1 0.05 0.15 0.09 
GSL 0.06 0.11 0.13 - - - 





4. Discussion and Conclusions 
4.1. Regional TRI chronologies 
By averaging TRI series from multiple dominant tree species over large spatial areas, 
our analysis captured regional ring growth signals among evergreen and deciduous tree 
species.  The group of evergreen chronologies identified in this study included ring width 
series from eastern hemlock, red spruce, and balsam fir, and other dominant tree species 
from the Northern Appalachians and Atlantic Maritime Highlands ecoregion (Figure 6).  
Moreover, the sites located in this group spanned a wide geographic area and fell within 
or near the bounds of this northern ecoregion.  The group of deciduous species includes 
several species of oak and hickory and seems to represent the Northeastern Coastal Zone 
located in the southern part of the study region (Figure 6).  Moreover, the R2 values 
reported in Table 4 indicate that the individual site chronologies had moderately high 
agreement with the overall group, and this broad-scale agreement suggests that the tree 
ring data are capturing the forest productivity response to climatic factors at large scales.  
Moreover, a PCA demonstrated that deciduous and evergreen chronologies formed two 
distinct groups (Figure 5b), suggesting that the sites within each functional group 
followed similar patterns of variability, even when considering across all 46 sites 
throughout the entire region. 
4.2. Lagged correlation results 
Among the numerous correlations between TRI and EVI time series that were 
investigated, statistically significant results occurred between the lagged regional 
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deciduous chronology and May EVI and October EVI.  These correlations were 
investigated to assess whether the magnitude of EVI during a given growing season 
influences TRW in the following year.  The results we found through this work 
suggest that higher EVI in May of one year leads to more tree ring growth in the 
following year, and that higher EVI in October of one year leads to less tree ring growth 
in the following year.   
Ecological processes during and after the growing season offer possible 
explanations for the lag effect and the negative correlations seen with October EVI.  As 
cambial activity decreases toward the middle of the growing season, high temperatures 
and low water availability could impinge on the accumulation of stored carbohydrates.  
Such conditions may have a negative effect on growth of the following year (Fritts 1976).  
Alternatively, above-average temperatures in autumn may prolong the growing season 
and delay winter hardening in trees, thereby making tissues in trees more vulnerable to 
frost injury during the winter, which could negatively impact growth during the following 
growing season (Fritts 1976).  Relatively high EVI values in October may be indicative 
of unusually warm temperatures in autumn and delayed winter hardening processes in 
trees.  Lag effects can also be seen with other components of tree growth such as 
increases in tree height.  Fritts (1976) indicates that the climate of the prior growing 
season (the time when buds are formed) often has a greater effect on the amount of height 
growth than the climate for the period in which the stem is elongating. 
Although substantial numbers of pixels had significant correlations with TRI time 
series when considering May and October EVI, very few pixels had significant 
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correlations when considering EVI integrated over either April through October or May 
through September.  The lack of significant correlations may be due to opposing effects 
of mean EVI during individual months on ring width growth.  For example, if May EVI 
positively affects ring growth of the following year while October EVI has negative 
effects, then integrating EVI over the growing season may cancel out both effects.  
Similar to findings by Kaufmann et al. (2004), these observations suggest that 
information about correlations between measures of tree ring growth and EVI can be 
more precisely gleaned when looking at monthly rather than seasonally averaged or 
integrated EVI. 
4.3. Role of phenology 
Based on the results we observed between lagged time series of TRI and EVI in 
May and October, we expected that the lagged TRI chronology would also be correlated 
with phenology metrics.  In contrast to our expectations, however, very few pixels 
showed statistically significant correlations.  This result may be due to differences in the 
timing of phenology in the canopy versus the timing of cambial growth (Fritts 1976).  
Radial growth can commence before bud burst or cease mid-growing season in some 
trees.  In the case of oak species (Quercus spp.), radial growth begins at the base of the 
tree stem at the time when buds first begin to swell, and this early surge of growth has 
passed by the time the leaves are fully expanded.  For sugar maples (Acer saccharum), 
the cambium becomes most active after leaves reach full size.  For the needleleaf species 
Pseudotsuga menziesii, needles reach full size well before the cambium stops growing.  
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These examples demonstrate that the timing of phenology versus cambial growth can 
vary among different tree growth processes and suggest that phenology in the canopy can 
be a poor predictor of ring width growth for certain species.   
In contrast to the results described above, the regional evergreen chronology had 
more pixels with significant correlations with spring phenology than monthly EVI during 
any month.  Specifically, this chronology was negatively correlated with the DOY of 
spring onset for the same year in numerous pixels, indicating that earlier springs lead to 
more tree ring growth in evergreen trees.  The correlations with monthly EVI time series 
yielded very few pixels with significant correlations.   
4.4. Lack of significant correlations 
In most of our investigations of correlations between tree ring growth and time 
series of EVI and phenology data, the vast majority of pixels had non-significant 
correlations.  This lack of significance suggests that EVI is not sensitive to tree growth, at 
least with respect to TRW.  Several studies have shown that correlations between annual 
TRW and remotely sensed vegetation indices can be low or non-significant.  For 
example, Beck et al. (2011) found that even though growth of mature spruce trees and 
NDVI have both increased since 1982 in western Alaska, year-to-year variability in 
NDVI was not consistently correlated with year-to-year variability in TRW.   
Detrending methods can have a large impact on both the standardized TRI 
chronology and the significance of correlations with EVI time series.  There are many 
methods for estimating and removing 𝐺!, including both deterministic and stochastic 
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methods, and different methods have their advantages and disadvantages.  Given the 
uncertainty about the frequency at which TRW respond to a variable of interest, it can be 
difficult to select the optimal detrending method. Generally, stochastic methods, such as 
the cubic-smoothing spline, are preferred to deterministic method because they are more 
data adaptive (Cook and Kairiukstis 1990).  However, this added flexibility introduces 
the problem of overfitting.  The cubic-smoothing spline, in particular, is not a perfect 
method.  Some climate-based variability will always be lost due to the shape of the 
frequency response curves.  Also, “signal” and “noise” can occur at the same frequencies, 
which may result in part of the signal being inadvertently removed from the time series 
(Cook and Peters 1981).    
An additional consideration is that recent work has investigated correlations 
between tree rings and remotely sensed vegetation indices in northern high latitude 
forests of North America and Eurasia (Beck et al. 2013; Berner et al. 2013; Bunn et al. 
2013).  Trees in these climates are subject to harsher climate conditions, and tree growth 
may be more strongly limited by temperature or precipitation.  As a result, climate signals 
may be manifested in both the tree ring and satellite vegetation index record, enhancing 
correlations between both measures of productivity.  Tree ring growth is controlled by the 
most limiting factor, meaning that ring widths are more likely to record deficits than 
surpluses (for example, deficits of water availability or degree-days).  Additionally, tree 
rings rarely respond exclusively to a single monthly or seasonal climate variable, or 
equally to all parts of that season.  Tree ring chronologies from sites located near the 
limits of the ecological range of a species commonly respond to a single seasonal climate 
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factor, unlike those from the center of the range where the response to climate may be 
more complex.  In temperate areas, tree growth may be subjected to a variety of limiting 
factors throughout the course of the growing season, and this may result in a 
differentiated response between TRW and canopy growth.  This complex response to 
climate factors may contribute to a decoupling between ring widths and satellite-based 
measures of canopy reflectance.    
4.5. Future Research 
Though the vast majority of the correlations tested in this research yielded non-
significant results, the results that were significant may offer information on interesting 
relationships between radial growth in tree stems and satellite-based measures of canopy 
reflectance, especially with respect to lagged relationships and the role of phenological 
metrics.  To expand on the results found in this work, it will be important to consider 
different networks of tree ring data that better constrain tree ring-based productivity 
signals.  For example, one possible approach would be to examine the frequencies at 
which multiple chronologies have common variability and to investigate potential climate 
variables that also vary at these same frequencies.  More generally, future extensions to 
this work should investigate the climate variables which drive interannual variability in 
both tree ring width and EVI.  Such work could give a better understanding of the 
climatic variables that commonly affect both EVI and ring width values.   
Additionally, it is important to examine the spatial variation in the strength of 
correlations between TRI and EVI time series over larger geographic areas.  For example, 
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it would be beneficial to understand whether the significant correlations seen in this work 
occur at regional or larger spatial scales, and whether there are larger-scale spatial 







5.1.  Descriptions of tree ring sites.  








42.17 -72.8 Red Oak 2008 Massachusetts 300 
42.64 -72.94 
Eastern 







Hemlock 1987 Massachusetts 674 
46.23 -69 
Eastern 
Hemlock 1986 Maine 250 
46.77 -69.17 
N. White 
Cedar 1986 Maine 500 
46.73 -68.47 Black Ash 1994 Maine 250 
47.2 -68.8 Black Ash 1994 Maine 250 
45.23 -68.62 Black Ash 1994 Maine 70 
45.42 -68.07 Black Ash 1994 Maine 120 
44.67 -69.4 Black Ash 1994 Maine 70 
45.73 -68.58 Black Ash 1994 Maine 140 
44.37 -68.27 E. White Pine 1992 Maine 60 
44.42 -68.28 E. White Pine 1992 Maine 9 
44.33 -68.3 E. White Pine 1992 Maine 67 













Hickory 2000 New Jersey 61 
41 -74.13 
Yellow 
Poplar 2000 New Jersey 61 
41.12 -74.47 
Yellow 
Poplar 2003 New Jersey 366 
41.12 -74.47 Red Oak 2001 New Jersey 366 
41.12 -74.47 Chestnut Oak 2002 New Jersey 366 
41.77 -74.17 
Eastern 







Redcedar 2004 New York 140 
  
54 
43.09 -73.39 Chestnut Oak 2002 New York 366 
43.09 -73.39 Red Oak 2002 New York 366 
40.96 -73.8 Post Oak 2002 New York 3 
43.7 -73.64 Black Oak 2002 New York 387 
42.98 -74.02 
Pignut 
Hickory 2002 New York 122 
42.98 -74.02 White Oak 2002 New York 122 
42.04 -74.31 Black Birch 2002 New York 220 
42.04 -74.31 
Pignut 
Hickory 2002 New York 220 
41.77 -74.18 Pitch Pine 1996 New York 200 
42.04 -74.31 Black Oak 2002 New York 220 
41.77 -74.18 
Eastern 
Hemlock 2002 New York 200 
41.77 -74.17 
Eastern 
Hemlock 2002 New York 200 
41.77 -74.18 
Eastern 
Hemlock 2000 New York 200 
42.19 -73.98 
Yellow 
Poplar 2002 New York 61 
42.19 -73.98 Chestnut Oak 2002 New York 61 
42.19 -73.98 Red Oak 2002 New York 61 
43.43 -73.92 Black Birch 2001 New York 305 
43.43 -73.92 
Shagbark 
Hickory 2001 New York 305 
43.43 -73.92 White Oak 2001 New York 305 
42.82 -73.99 Black Oak 2001 New York 107 
41.42 -74.08 White Oak 2001 New York 200 
42.74 -74.34 Chestnut Oak 2002 New York 366 




7 Red Spruce 2005 Vermont 900 
44.45 -72.86 
Eastern 
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